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Introduction 
Covid-19 is a highly infectious disease affecting more than 2.8 

million people worldwide as on this date. Due to its high rate of in-
fectiousness rapid tools are needed for early and accurate diagnosis 
and to monitor the progress of disease in diagnosed patients [1]. 
So far RT-PCR tests using throat and nasal swabs form the back-
bone of diagnosis and are gold standard but is marred by reduced 
sensitivity with high false negative rates until 30-35%, more time 
consuming and has false positives [2]. The epidemic is thus driving 
researchers to think of more efficient ways to cope with the huge 
demand for diagnosis. Imaging has been used in China on a large  

 
scale to tackle the endemic and there have been numerous reports 
about the experiences using CT scans and China’s national guide-
lines have recommended CT scans as a key method in diagnosing 
Covid-19 [3]. Typical reported features on CT of Covid-19 include 
multifocal ground glass opacities and consolidations with periph-
eral and basal predilection [1,4]. Based on this Radiological society 
of North America has proposed CORADS classification system on a 
scale of 1-6 [5,6]. However American college of Radiology in June 
2020 issued guidelines mitigating its use for diagnosis of COVID-19 
mainly due to fear of contaminating radiology facilities and due to 
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its lack of specificity [7]. So, what should be the role of radiology 
in the current pandemic is a question being debated [8,9]. Many 
researchers have come up with Artificial Intelligence (AI) based 
prototype software’s to automate diagnosis of Covid-19 disease to 
expedite early and accurate diagnosis which should help physicians 
triage patients into Covid-19 designated words for treatment and 
help contain further spread of disease [10]. 

We evaluated the results of three such AI based methods using 
Computed tomography images of the chest done on patients sus-
pected of having Covid-19 disease with following objectives a) To 
estimate the ability of AI to diagnose Covid-19 disease b) Compare 
the results of different AI methods in diagnosing and severity of dis-
ease c) Time taken for making diagnosis. d) Comparison of AI with 
visual analysis results.

Material and Methods
The study was designed to evaluate the usefulness of AI based 

software’s based on the computed tomographic images of patients 
suspected of having Covid-19 disease. The study comprised 109 
consecutive patients of Covid-19 disease who underwent computed 
tomographic examination in the month of July2020. After obtaining 
consent from local ethics review committee and informed consent 
from the patients plain computed tomographic examination was 
done on 128 slice Siemens Go top system(Forchheim, Germany 
AG) using standard operating parameters with medical records of 
all patients were examined before the study and chief complaints, 
laboratory data along with presence of any co morbid disease was 

recorded. Short follow up was also done in all patients for knowing 
the RT-PCR and clinical status of all patients from their families and 
treating physicians. All necessary precautions regarding the use of 
personal protective equipment, disinfection of the scan room and 
department were also taken before and after each examination and 
patients referred to respective medical units. The imaging data was 
then transferred to local PACS and then sent to collaborators for 
analysis. Collaborations were made with three different AI software 
companies to process the data a) AI-I programme using COVID-19 
AI software from COVID-19 AI software Thirona BV Nijmegen Neth-
erlands. B) AI-II programs from Quibim, Valencia Spain. C) AI-III 
programs Pneumonia analysis from Siemens Forchheim Germany 
AG. D) VT-Visual Truth programme consisting of visual analysis by 
two radiologists on PACS and all conclusions were based on con-
senus. The AI-I to II were all cloud-based programs with analysis 
being done on servers of respective vendor companies while AI-III 
programme was based on on site analysis done on Siemens Syngo-
via Frontier server.

The following parameters were evaluated for each patient us-
ing all four methods.

a.	 Mean time taken for each evaluation by all four methods.

b.	 Diagnostic probability of covid

c.	 Grading the severity of disease in terms of CT Severity 
Scale (CTSS) and CT Severity Scale Index(CTSSI), Percentage Opaci-
fication (PO) and Percentage High Opacification(POHO) and domi-
nant lobe involvement (Figure 1a,b,c).

Figure 1: A). Plain CT evaluation by AI-I method showing CTSS of 22 and CTSI 88% with percentage opacification of 65.6%. B). AI-II 
showing indeterminate CTSS and CTSI with PO of 38% and Covid probability of 1.0. C). AI-III in same patient with CTSS and CTSI 9 and 
45% with Covid probability of 1.0 with PO of 38% d). VT analysis image with CTSS and CTSI of 8 and 40%.
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Time taken from loading the data to respective servers to com-
pletion of analysis was recorded for each patient by AI-I to III meth-
ods and by VT method and overall mean calculated per study. The 
CTSS score was calculated as follows based on method by Bernheim 
[4] and estimated the degree of lung involvement . AI-I method 
used a score of 0-25 based on score of 0-5 as follows •0: lobe is not 
affected. •1: 1-19% of the lobe is affected. •2: 20-39% of the lobe is 
affected. •3: 40-59% of the lobe is affected. •4: 60-79% of the lobe is 
affected 5.80-100% while in AI-III based CTSS used a score of 0-20 
as follows •0: lobe is not affected. •1: 1-25% of the lobe is affected. 
•2: 25-50% of the lobe is affected. •3: 50-75% of the lobe is affected. 
•4: 75-100% of the lobe is affected. In AI-I method no severity scor-
ing was done. VT method used a score of 0-20 based on method of 
dividing lungs into anteroposterior and mediolateral quadrants on 
coronal views and assigning a score of 0-5 for each quadrant based 
on percentage of lung involved from 0-20%,20-40%,40-60%,60-
80% and 80-100% respectively. CTSSI was calculated for each score 
to compare the scores determined by each method as:

a)	 CTSS/Total Score x100%.

b)	 Percentage of Opacity (POO) was calculated as follows: 

POO=100×Volume of predicted abnormalities of lung/volume 
of lung mask.

c)	 Percentage of High Opacity (POHO): 100x volume of pre-
dicted high opacity/volume of lung mask.

d)	 Probability of Covid-19 was depicted based on Area under 
curve method and a threshold value of more than 0.85 was deemed 
as having Covid-19 based on AI-II, III methods while VT method 
probability was based on visual analysis and expertise by both con-
sensus readers.

e)	 The pattern of distribution of lung lesions was deter-
mined as lobar, unilateral or bilateral or whole lung involvement.

All the results were statistically analysed using Analyse-IT soft-
ware (Leeds, UK) to determine the parameters of mean, standard 
deviation, correlation was done using Friedman correlation for pair 

groups between all four methods and Sensitivity, specificity along 
with Area under curves calculated.

Results
The study comprised of consecutive 109 patients of suspect-

ed Covid-19 patients whose computed tomography examinations 
showed focal or diffuse ground glass opacities and had clinical pre-
sentations suggestive of Covid-19 disease. The demographic data 
of patients is listed in (Table 1). The mean age of patients was 53.6 
years (51.1-56.1, 95% CI). Out of these 72 were males 35 females. 
23 patients had comorbidities, of which diabetes mellitus was the 
most common .
TABLE 1: Patient Demographics. 

Sno Parameters  Median CI

1 Age(years) 55 53-57

2 Sex   

 males 72  

 females 35  

3 COMORBIDITIES 28  

4 Chief Complaints   

 fever 85  

 Breathlessness 70  

 Dry cough 55  

 Pain abdomen 14  

 Diarrhoea 19  

 Loss of smell 8  

 Body aches 80  

5 Spo2 mm HG 94  

6 Prior Investigations   

 Xray Chest 90  

 Hemogram 65  

 CRP 24  
Probability of Covid-19 disease (Figure 2):

Figure 2: A). Plain CT image of non-covid patient with pulmonary edema evaluated by AI-I showing CTSI of 4, CTSI 16% with PO of 5.2%. 
B).AI-II showing false positive Covid probability of 0.97 with PO of 4%. C). AI-III showing paracardiac central opacities with Covid probability 
of 0.08, CTSI of 7, CTSI 35% and PO 17%.
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In the AI- I method there was no algorithm to calculate Covid-19 
probability.

The AI-II method calculated Covid-19 probability with sensi-
tivity and specificity of 63% and 83% with high false negative of 
37% and false positive of 16.7% with a positive predictive value of 
93%and negative predictive value of 35.7%. Data of 18 patients in 
the programme could not be processed and was labeled as a nega-
tive probability of 0.

AI-III method: Showed a sensitivity and specificity of 93% and 
88% respectively with false positive and negative of 11% and 6% 
with a high positive predictive value of 97.2% and negative pre-
dictive value of 75%. There were only 5 false positive cases, all of 
whom had prior interstitial lung disease. VT method showed a sen-
sitivity and specificity of 59.7% and 62% to diagnose Covid-19 with 
false positive and false negative of 37% and 40% respectively with 
positive predictive value of 83% and negative predictive value of 
37% (Table 2).

TABLE 2: Showing test performance of Al-l, lll and VT methods. 

Parameter Al-II AI-III VT

True Positive 46 69 40

True Negative 15 15 15

False Negative 27 5 27

False Positive 3 2 9

Sensitivity % 63 93 59.7

Specificity % 83 88 62

Positive Predictive Value% 93 97.2 83

Negative Predictive Value% 35.3 75 37

The Area under curve estimation showed for AI-II,III and VT 
methods as 0.85, 0.68 and 0.62 respectively with differences be-

tween AI-III and AI-II and VT method being statistically significant 
( p-0.0001)(Figure 3).

Figure 3: A) RT-PCR positive patient evaluated on AI-I showing CTSS of 12, CTSI 48% with percentage opacification of 29.5% on AI-I B). 
AI-II method in same patient showing PO 8% with false negative Covid probability. of 0.39,.C). AI-III shows CTSS6, CTSI 30% with Covid 
probability of 1.0 WITH PO 15.6%.

1.	 CTSS and CTSI estimation: (Figure 4)

The AI-I method determined the CTSS in all patients with me-
dian CTSS of 12 (10-13 96.7%) and CTSI of 48% (median 40-52% 
96.7% CI). AI-II method could not estimate the CTSS and CTSI . 
AI-III method and VT methods also determined the CTSS and CTSI 

with mean scores of 7 (6-9 96.7% CI), 35% (30-45 97.6% CI) for 
AI-III method and 6.50(6-9 96.7%CI) 32.5 (30-45 96.7%CI) respec-
tively. Friedman correlation test was done between three methods 
of analysis and showed statistically significant differences between 
AI-III method and AI-I and VT methods(pvalue<0.0001).
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Figure 4: Showing AUC, s for all the three AI methods and VT method.

2.	 Time Estimation for Results: Since AI-I,II methods were 
cloud-based methods the average processing time was 10 minutes, 
25 minutes respectively with AI-II showing maximum number of in-
complete processing results i.e. 18 patients. AI-III method showed 

the quickest processing time of 2 minutes and had the advantage 
of being onsite method and did not require transfer and loading of 
data from local PACS.

3.	 Percentage opacities (Figure 5):

Figure 5: A) AI-I showing a RT PCR positive patient with PO of 33.9% and CTSS 15, CTSI 60%. B). A PO of 4% with Covid similarity of 0.68 
seen by AI-II. C). AI-III shows PO of 29% with CTSS and CTSI of 9 and 45% with Covid probability 1.0. D). VT method correlates CTSS 10 
and CTSI of 50%.

AI-III method showed median percentage opacification of 21.0 
(median 15-30 96-7%CI) while AI-II underestimated percentage 
opacities with median value of 1.0 while AI-I and VT method did 
not dlineate percent opacification.

4.	 The percentage of high opacities: was estimated only 
by AI-III method with a median of 4.0 (2.5-5.2 96.7%CI).

5.	 Lobar dominance: was computed by all the methods 

with common patterns being bilateral lower lobe predominance 
followed by complete lung involvement.

RT-PCR was done in 91 patients while 16 patients did not get 
RT-PCR, out of these there were 42 positive results for Covid-19 de-
tection in the first test and 29 in second test while 20 were repeat-
edly negative. The sensitivity and specificity of AI-methods and VT 
method were calculated based on the 91 results of RT-PCR.
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Table 3:

Discussion
Computed tomographic imaging has an important and undeni-

able role in the evaluation of patients with lower respiratory tract 
disease including suspected COVID-19. Evaluation using a Chest CT 
can be used to answer several questions in a clinical setting such as 
triage of a patient, diagnosis, assessment of severity and progres-
sion, and response to therapy. In a pandemic like this one timely 
diagnosis using imaging can be the essence of management and 
triage of such patients who report to clinics and hospitals with im-
mediate results [11]. The study shows that use of AI with computed 
tomographic examination improves both the sensitivity and spec-
ificity for diagnosis compared with visual analysis method which 
was primary objective of the study . It is critically important to have 
probability algorithm in the AI methods to be able to answer the 
question of whether Covid-19 or not. Study shows that at this point 
of time not all AI methods have this ability as seen in AI-I method. 
Variations of probability were seen in the results between AI-II,III 
methods. AI-III showed the highest sensitivity and specificity in the 
present study of 93% and 88% respectively suggesting it is almost 
ready for clinical use with results being superior to visual analysis 
alone. 

The probable reason for this being improved machine learning 
method used in this technique. The developers of this AI method 
used a supervised deep learning method based on 3D neural net-
work in which a two-channel 3D tensor was used where the first 
channel contained CT Hounsfield units masked by lung segmenta-
tion while the second channel had probability maps of opacity clas-
sifiers of metric data [2,12]. This resulted in improved performance 
with AUC of 0.90(0.85-0.94 95%CI with sensitivity and specificity 
of 86% and 81% respectively which was similar to the results seen 
in the present study. Earlier AI methods like one used in AI-II used 
metric based AI classifiers based on opacity metrics with generation 
of heat maps and regression algorithms and showed reduced sensi-

tivity specificity of 74% as was the case in this study. Similar results 
have also been shown by Li, et al., [13] who showed reduced false 
positive and negatives in making diagnosis with the use of 3D ma-
chine learning methods. CTSS has recently been proposed as a reli-
able measure to demonstrate correlation of the severity of disease 
with clinical condition and progression by many studies [14,15]. In 
the present study accurate scoring was possible with both AI-I and 
AI-III methods . AI-III method correlated well with the VT method I 
with no significant statistical differences (p-0.24) however signifi-
cant differences were observed in comparison of AI-I method with 
AI-III and VT method while AI-II method could not elicit severity 
score. Study shows that lung and lobar and opacity segmentations 
is now possible with the use of Deep image to image network ma-
chines learning algorithms with high accuracy and speed and com-
paring with visual methods. AI quickly estimates quantitatively the 
severity of lung involvement which can triage such patients to covid 
units or to intensive care. Similar results have been shown by ear-
lier studies [16,17].

Quantitative measures like PO and POHO with the use of AI also 
add on as additional measures along with CTSS to categorize the 
condition of the patient and can be compared on follow up evalu-
ations which are not possible with visual assessments alone. How-
ever, variations in tested AI methods were seen in severity scores 
also between compared methods hence more robust methods must 
be added along with improved training data sets to achieve accu-
rate segmentation algorithms which were probably used in AI-I,II 
methods If AI based methods are to be applied in routine clinical 
practice [16]. There should be complete and standardized objec-
tive measures of disease evaluation which were missing in some 
of the methods evaluated in this study. This would mean that some 
more time is required before AI comes into clinical use. The third 
objective of the study, i.e., determining time to diagnosis was also 
achieved in the study with AI-III method showing a mean process-
ing time of 2 minutes which was quick enough to make the diagno-
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sis of Covid-19. To deal with highly infectious disease like Covid-19 
early diagnosis is the essence and onsite processing algorithms like 
used in AI-III should be preferred than cloud based evaluation tech-
niques. To conclude, the addition of AI along with Computed tomog-
raphy evaluation looks attractive and its use achieves the objectives 
set for evaluation in the present study especially with the use of 
AI-III method. It has the potential to improve the accuracy of diag-
nosis and shorten the time to make the diagnosis. The study shows 
limitations in various AI methods tested along with inter method 
variation of results in estimation of CTSS, percentage opacifications 
.Hence some more time may be required before it comes into clini-
cal use. Out of the AI techniques compared AI-III method appears to 
be more advantageous and accurate compared with other AI meth-
ods including the visual method alone.
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